We use mean Á/variance analysis to investigate the statistical and economic significance of stock return predictability as documented in Fama and French (1992) . We ask if investors who form portfolios conditioned on the predictive variables can earn higher expected utility than those who optimize unconditionally. The result shows that, by and large, they cannot. We explore the reasons for the lack of economic gains and find that, while the in-sample relation between returns and predetermined firm-specific variables is strong, it is not stable enough to produce better out-of-sample predictions. We conclude that the return predictability is not inconsistent with rational asset pricing. #
Introduction
The predictability of stock returns has always been at the center of asset pricing research. While return predictability itself has become more and more accepted, its interpretation has remained controversial. Return predictability is demonstrated by using two types of variables. One is marketwide variables. Examples include the short-term interest rate, the aggregate dividend-price ratio, and the default premium. The other is firm-specific variables. Fama and French (1992) conduct an extensive comparison among many firm-specific variables that have been considered in the earlier literature. They conclude that firm size and book-to-market ratio are the two most important variables in explaining cross sectional differences in expected stock returns, while the market beta based on the Capital Asset Pricing Model (CAPM) is not priced. Fama and French's finding has caused some debate among researchers because it poses a challenge to the well-known notion that only systematic risk measured by the covariances (or betas) between the returns and marketwide factors should be priced and other firm-specific variables should not play any role in forming expected returns because firm-specific risks can be diversified away.
To examine further the return predictability issue, Fama and French (1993) form two factor-mimicking portfolios based on size and book-to-market ratio, test the model with these two factors along with the market portfolio, and find the model is not rejected. Fama and French (1996) further report that the two factor-mimicking portfolios can explain most asset pricing anomalies. They interpret the predictive power of firm-specific variables as proxies for the covariation with some unobserved systematic factors. Such a view, however, is not shared by all researchers. Lakonishok et al. (1994) , for example, contend that the predictive power of a firm's characteristics comes from the irrational behavior of the investors who overreact to the past performance of the firms and drive the stock prices away from their fundamental values. On the methodological front, Ferson (1996) cautions against the use of firm-characteristics-sorted portfolios as factors to explain return predictability, because of the potential self-serving nature of the portfolios. Ferson et al. (1999) provide a simulated example to illustrate the possibility. The issue seems far from being settled.
Given that the task of identifying economic factors is difficult, we take a different approach to the issue in this paper. We conduct an experiment to investigate the economic significance of return predictability by measuring the gains in expected returns and in expected utility for an investor who uses the information in the firmspecific variables, compared to an investor who does not, in a mean Á/variance optimization framework. The examination of the gain in expected utility sidesteps the problem of identifying true factors and, therefore, makes a direct attack on the problem of finding out if return predictability is consistent with the equilibrium in which investors make optimal investment decisions.
Investigation of the gain in expected utility has been performed by many researchers in financial studies. In a paper unrelated to stock return predictability, McCulloch and Rossi (1990) propose an economic measure of mis-specification of an asset pricing model. In their approach, an asset pricing model puts a possibly incorrect restriction on an otherwise unrestricted model of the data generating process for asset returns. An investor belonging to a certain class of utility functions makes her portfolio decisions with or without the restriction and generates two different levels of the expected utility. The difference in the two levels of the expected utility, or the certainty equivalent in monetary terms, serves the purpose of an economic measure of the loss due to the incorrect asset pricing model. While their work is unrelated to the predictability of stock returns, the formulation of economic significance is very useful for our purpose. In an analytical model, Kandel and Stambaugh (1996) address the issue of translating statistical significance of the stock return predictability into its economic significance. They show that although the predictive regression relationship may be weak, it can exert a substantial influence on the investor's portfolio decision, even when the investor's prior beliefs are weighted against return predictability. Their results reinforce the notion that, in practice, investors may make their portfolio decisions based on insignificant statistics, as long as the predictability is economically significant. Pesaran and Timmermann (1995) also perform an empirical study on economic significance of return predictability of marketwide variables. Both the Kandel Á/Stambaugh study and the Pesaran Á/Timmermann study focus on the case of one risky asset and one riskfree asset. The issue of predictive power of firm-specific variables in explaining cross-sectional differences in stock returns is not the focus of their studies. In a recent paper by Pastor and Stambaugh (2000) , they use expected utility based approach to compare investment performance between the model with firmspecific variables and the model with Fama Á/French factors, and conclude that the difference across models are small once the real world trading frictions are present. Our approach is different from theirs in that we do not use the model with Fama Á/ French factors.
We examine the monthly returns on several sets of portfolios from 1963 to 1998 and find the following. The portfolio return can be predicted in the usual sense of significant t -ratios of the slope coefficients of firm-specific variables in predictive regressions. Exploiting the information in the firm-specific variables to form mean Á/ variance optimal portfolios may generate significantly higher expected returns, but not higher expected utility. In fact, in many cases, the investors who use the information contained in the firm-specific variables end up doing worse than the investors who do not use the information. We then examine the reasons for the lack of economic gains from the return predictability. It is found that the optimal portfolio based on the firm-specific variables is indeed different from the one that does not depend on the information, so the information is not immaterial. However, the relationship between stock returns and firm-specific variables is not stable enough to be useful. Estimation errors and nonnormality of returns may also contribute to the lack of economic gains, but they are not the main reasons. The result presented in this paper has important implications on the consistency between return predictability and asset pricing rationality.
The rest of the paper is organized as follows. Section 2 presents the issue in the mean-variance framework and lays out the plan for the experiment. Section 3 first describes the data and portfolio formation methods and then presents the main result that return predictability does not lead to economic gains. Section 4 examines various reasons for the lack of economic gains from return predictability. The concluding section discusses the implications of the results.
The design of the experiment

The statistical model of investors
Suppose there are N assets whose rates of return from period t to t'/1 in excess of the riskfree rate are normally distributed and are denoted as r t'1 . The excess returns are assumed to be a stationary process.
There are two types of investors. One type of investors believes that the return r t'1 can be predicted using certain firm-specific variables and actively uses the information contained in these variables as well as the information in the history of returns to form mean Á/variance efficient portfolios. The other type of investors does not believe in return predictability. Nonbelievers may either think the returns are not predictable at all or they may think the returns can be predicted in a way that is consistent with the equilibrium of the risk-return trade-off. In either case, nonbelievers do not act on the time t firm-specific information that is not already contained in asset prices. But they are otherwise perfectly rational in the sense that they are also mean Á/variance optimizers using the information contained in the history of returns. If the believers can not have significant economic gains over the nonbelievers, then the stock prices have incorporated the information in the firmspecific variables and the claim that the return predictability reflects mispricing is ungrounded.
Let the nonbelievers' information set at t be F n t 0 fr t ; r 0t ; 1 5t5tg and the believers' information set at t be F b t 0 f(r t ; r 0t ; X t ); 15 t5tg where r 0t is the riskfree rate known at t for the period t to t'/1 , and X t is a N )/M matrix of firmspecific variables at t , assumed to be stationary processes. Suppose the returns are generated by
where a is an N -vector and u is an M -vector. Denote var(o t'1 ) 0/var(r t'1 jX t , a , u )/V . a , u , and V are all unknown parameters. A believer uses the correct model while a nonbeliever uses a model unconditioned on X t : r t'1 0/n'/u t'1 with var(u t'1 ) 0/var(r t'1 jn )/C /V . At time t , a nonbeliever will estimate n and C bŷ
The nonbeliever estimates the conditional mean of the next period return E(r t'1 ½F n t ; a)0a by E(r t'1 ½F n t )0n n t : If he knew the value of C , he would estimate the variance of the next period return with respect to n n t by,
But since the nonbeliever does not know C , he estimates C t by
Let the t-vector of ones be denoted as 1 t , the t )/t identity matrix be denoted as I t , the returns and the firm-specific variables be stacked as À r t 0 (r? 1 ; r? 2 ; Á Á Á ; r? t ) ? and À X t(1 0(X ? 0 ; X ? 1 ; Á Á Á ; X ? t(1 ) ? : At time t , a believer estimates (a , u ) by solving the generalized least square problem,
whereV t(1 is the estimate of V at t(/1. This estimate of V is then updated at t bŷ
The believer then estimates the expected value of the next period return n b t /a'/X t u conditioned on true parameters byn b t â t 'X tût : If the believer knew the value of V exactly, he would estimate the variance of r t'1 with respect ton
Since he does not know exactly, he then estimates V t by
Suppose at each t, the believer estimates the mean and the variance of the returns r t'1 conditioned on his information set, forms his optimal portfolio, invests one dollar in the portfolio, and liquidates the portfolio at t'/1. Similarly, the nonbeliever does the same thing based on his information. In such an experiment, two time series of returns will be generated that can be used to estimate the economic gains from the return predictability under the stationarity assumption.
Before moving to the portfolio problem, we note that the believer's model (1) differs from that in Fama and French (1992) . The u in the believer's model differs from the coefficients of the firm-specific variables in the Fama Á/French regression. In the FamaÁ/French regression estimated by the cross-sectional regression method, the cross-sectional difference in expected return comes only from the difference in the firm-specific variables. Here, we consider the predictive power of the firm-specific variables in addition to the information contained in the past returns. By the same token, the expected excess returns held by the nonbeliever can be different across assets. Not believing the predictability does not make him think the expected returns are the same for all assets. Correspondingly, the elements of a 0/(a 1 , a 2 ,/Á Á Á ; a N )? can be different. The FamaÁ/French model is more restrictive than the one used by the believer here in that it restricts a 1 0/ /Á Á Á/ 0/a N . Without such a constraint, the believer's model here nests the nonbeliever's as it should because the information set of the believer includes that of the nonbeliever. In principle, the believer will not fare worse than the nonbeliever in making investment decisions.
Suppose X 0/EX t is the mean value of the firm-specific variables, an N )/M constant matrix. The predictive power of X t can be decomposed into X and X t (/X . The first part, X , is the average effect of the firm-specific variables on the unconditional expected return, while second part, X t (/X , is the time variation in the firm-specific variable that may contribute to the conditional expected return E (r t'1 jX t ). When the constant term a is an unrestricted N -vector, the average effect of the firm-specific variables on the unconditional expected return will be contained in the unrestricted parameter a .
2 The parameter u in the believer's model captures only the effect of the time variation in the firm-specific variables on the conditional expected return.
The portfolio decisions
To take advantage of the simplicity in portfolio decisions under normality, we assume that returns are normally distributed conditioned on the parameter estimates (n The investors are assumed to have a constant absolute risk aversion (CARA) utility function of the form U(w)0(e (Aw wherew is the next period's wealth, and A is the absolute risk aversion coefficient. For each dollar of after-consumption current wealth normalized to equal one, let j n t 0/(j n 1t ,. . ., j n Nt )? be the dollar amount the nonbeliever invests in risky assets, and let 1(/1 ? N j n t be the amount invested in the riskfree asset. Similarly, the portfolio of risky assets held by the believer is denoted as j b t . Under the CARA utility function, the optimal portfolios by the nonbeliever and the believer, conditioned on their estimates of the parameters, are
respectively. Obviously, the smaller the risk aversion parameter, the more aggressively the investor trades.
Economic significance of return predictability
There are several situations in which statistically significant predictability (i.e. a significant u ) may not translate to economically significant predictability. First, statistical significance per se does not guarantee significant economic gains. It is possible that economic gains are negligible from statistically significant predictability. Second, the predictive power of a firm-specific variable may be consistent with the risk-return relationship. For example, small stocks tend to have higher expected returns, but they also have higher variance in the return. The predictive power of the size poses a challenge to the CAPM, but it may still be consistent with other multifactor pricing models. Third, the uncertainty about parameters and about model specification may cause suboptimal portfolio decisions that will reduce, or eliminate, the economic gains from return predictability.
Two quantities will be relevant to our primary interest in the economic gains of return predictability. One is the difference between the expected return on the optimal portfolio of the believer and that of the nonbeliever,
The other is the difference between the certainty equivalent returns of expected utility, or certainty equivalents for short, for the believer and the nonbeliever,
where the certainty equivalent, C j for j0/b , n, of the CARA utility function is the solution to the following equation,
The certainty equivalent is a risk-adjusted expected return. This is more obvious under the normality assumption and the CARA utility function for which
The expected return and the certainty equivalent can be estimated using their sample versions.
It should be kept in mind that in calculating the economic gains from trading on the information contained in the firm-specific variables, we ignore some real-world concerns such as short-selling restrictions and transaction costs.
Economic gains from the return predictability
The data
Since the implementation of the standard mean Á/variance theory requires calculation of the mean vector and variance matrix of the returns, it is typically performed on portfolios rather than on individual stocks, because of the dimension problem. In order to ensure sufficient variation in the predictive variable across portfolios, we form portfolios sorted by size and by book-to-market ratio. Since the result may quantitatively depend on how portfolios are formed, we form three different sets of portfolios, described below.
We use the intersection of the data from Compustat and the Center for Research in Stock Prices (CRSP) for our study. Firms with book values in Compustat and returns in CRSP from 1963 to 1997 are included in our sample. 4 The three sets of portfolios are labelled as SZ20, BM20 and SZBM25. SZ20 is the set of 20 portfolios sorted by size of individual firms, BM20 is the set of 20 portfolios sorted by book-tomarket ratio of individual firms, and SZBM25 is the set of 25 portfolios sorted by both size and book-to-market ratio of individual firms with 5 )/5 independent sorting. We use the standard approach to determine the break points for sorting firms into portfolios. For 20 size-sorted portfolios, SZ20, we choose the break points as follows. For the end of June from 1963 to 1997, we sort all the firms traded on the New York Stock Exchange (NYSE) according to their sizes into 20 groups with equal numbers of firms in each group. The break points are then chosen for determining the portfolios in our sample for all firms traded on the NYSE, American Stock Exchange (AMEX) and NASDAQ. A portfolio changes its components at the end of June in next year. The similar procedure is used to form BM20 and SZBM25. The return on a portfolio is the simple average of the returns of the firms in the portfolio. The size of a portfolio, SZ, and the book-to-market ratio of a portfolio, BM, are calculated by first taking simple averages of the log(size) and the log(bookto-market ratio) of the firms within the portfolio, and then subtracting the mean across the portfolios. Table 1 reports time series properties of the three sets of portfolios. We report the time series means and standard deviations of portfolio returns, sizes and book-tomarket ratios for all portfolios. SZ20 is ordered from small-firm portfolios to largefirm portfolios. BM20 is ordered from low book-to-market portfolios to high bookto-market portfolios. For SZBM25 portfolios with two subscripts, the first one is its size from small to large and the second is its book-to-market from low to high. As expected, the size-sorted portfolios maintain large dispersion in their size, while book-to-market-sorted portfolios maintain large dispersion in their book-to-market ratios. The correlations between the size and the book-to-market ratio are substantial at the portfolio level for the portfolio sets SZ20 and BM20. 
Predictability
Since portfolios may exhibit different patterns from individual firms, we first verify return predictability for the portfolios. Table 2 reports the Fama Á/French type of regression results on the three sets of portfolios, using the methodology of Fama and MacBeth (1973) .
Compared with the results in Fama and French (1992) , we can see that the statistical significance of return predictability for portfolios is as strong as those for individual firms, when only one of the predictive variables is in the equation. When both variables are included, the estimated slope coefficients are slightly less significant than the single-regressor cases. This is so because, at the portfolio level, the two predictive variables are highly correlated as shown in Table 1 . The timeseries averages of the R 2 s in the cross-sectional regressions range from 0.19 to 0.49. Table 3 reports the regression results for model (1) in which the intercept terms are allowed to be different across portfolios. In the upper panel for regressions using size as the regressor, the slope coefficient is insignificant (and positive) for SZ20, but significant and negative for BM20. The Wald test for the hypothesis u 0/0 conveys the same message. This means that the size effect is the mean effect, which is reflected in the unconditional mean of size-sorted portfolios. Time variation in size does not contribute much to the conditional expected return. The book-to-market sorted portfolios have their intercepts reflecting the difference in unconditional mean due to book-to-market ratios, so the predictive power of the regressor SZ t is still strong. This phenomenon also manifests itself in the results of the Wald test of the 
for each month t , where r t '/1 is the excess return on N portfolios, SZ t is the size of N portfolios and BM t is the book-to-market of N portfolios. The time series averages of the estimated parameters are reported with their time series S.E.s in parentheses. The R 2 is the time series average of R 2 s for the cross-sectional regression of each month. The time period is 1963.07 Á/1998.12.
hypothesis a 1 0/a 2 0/ /Á Á Á/ 0/a N , denoted as a 0/u 0 1 N in the table. The case for SZBM25 portfolios lies in between SZ20 and BM20 in regard to the sign and significance of the slope coefficient and the P -values of the Wald tests. In the middle panel with BM t as the regressor, the slope coefficient for size-sorted portfolios is insignificant while that for book-to-market-sorted portfolios is more significant. This has the implication that time variation in the book-to-market is important, so the expected return conditioned on book-to-market is different the unconditional expected return. In the lower panel with both SZ t and BM t used as regressors, the slope coefficients u 2 for BM sorted or two-way sorted portfolios are still quite significant with the correct signs. Others are less so, or even with a different sign compared with the original Fama Á/French regressions. The statistical significance of u in these regressions is interesting by itself. It offers some information in addition to that from the Fama Á/French regressions. 
where r t'1 is the excess return on N portfolios at t'/1, SZ t is the size of the N portfolios, and BM t is the book-to-market of the N portfolios. The numbers in parentheses under u estimates are their S.E.s. 
Evidence of economic gains
In Table 4 , we present the main result of this paper, the two quantities described in the last section to measure the economic gains of return predictability. For each set of portfolios, we run a sequence of GLS regressions of returns on size and/or bookto-market for the period from 1963.07 to month t, where t starts from 1970.12 and continues to 1998.11. At each t, we calculate n n t , V n t , n b t , V b t , and form optimal portfolios j b t and j n t for the believer and the nonbeliever, respectively. From the two sequences of the realized optimal portfolio returns, r 0t '/r ? t'1 j b t and r 0t '/r ? t'1 j n t , we calculate four quantities and report them in Table 4 . The first is the time-series average of the difference in the two portfolio returns (column 2). This is the estimate of the difference in the expected returns between the believer and the nonbeliever. The second is the t-ratio of the estimate (column 3). The t-ratios are calculated using the NeweyÁ/West procedure with a lag equal to 3 to estimate the standard errors. The third quantity is the estimate of the difference in the certainty equivalents of expected utility for the believer and the nonbeliever, which depends on the risk aversion parameter A and the investor's initial wealth. We follow McCulloch and Rossi (1990) by choosing A 0/2, 5, 8, 12 and 15 (columns 4Á/8). These are the reasonable values that are consistent with the actual return patterns in US history. More details This table reports time-series averages of the difference in the believer's portfolio return and the nonbeliever's portfolio return (column 2), the time series t -ratios of the difference in the two returns (column 3), the estimate of the difference in certainty equivalents for A0/2, 5, 8, 12, 15 (columns 4 Á/8) and their t -ratios (column 9). The numbers for the difference in returns (column 2) and difference in certainty equivalents (columns 4 Á/8) are expressed as dollar returns on a $100 investment over a month. The t -ratios (column 3 and 9) are calculated using the Newey-West adjustment with lag 3. The time period is 1971.01 Á/ 1998.12.
can be found in McCulloch and Rossi (1990) and the references therein. The fourth quantity is the t-ratio (column 9) for the estimate of the difference in the certainty equivalents. The t-ratio turns out to be numerically insensitive to the choice of A . The numbers in Table 4 for the difference in returns and difference in certainty equivalent returns are expressed as dollar returns on a $100 investment over a month.
From the table, we see that the believer who uses the information contained in firm-specific variables does not fare much better than the nonbeliever who does not use the information. In almost all the cases the differences in expected returns and in certainty equivalents are not significantly different from zero. In many cases, the differences are even negative. This result is truly puzzling. It has important implications about the consistency between the return predictability and the asset pricing rationality. The next section explores the reasons that this happens.
Why doesn't return predictability lead to economic gains?
Possible reasons
To understand why return predictability does not lead to economic gains, we consider several possible reasons in turn in this section.
The first possibility is that the information contained in the firm-specific variables is not material because the slope coefficients of the firm-specific variables in the cross-sectional regressions are not very statistically significant, as we see from Table  3 . If that is the case, the optimal portfolios of the believer and the nonbeliever should not be very different and, as a result, the economic gains from return predictability will not be significantly different from zero. This possibility is examined in Section 4.2.
The second reason for the believer to fare no better than the nonbeliever may come from estimation errors. Although both the believer's and the nonbeliever's models have estimation errors, the believer's model contains more parameters than that of the nonbeliever, and if the believer trades more aggressively than the nonbeliever, the estimation errors exert more influence on the believer than on the nonbeliever. These additional errors might be the source of the lack of economic gains from return predictability. Although it is difficult to handle the problem of estimation error, we will deal with the issue in Section 4.3 using simulation.
The third possible reason is the non-normality of the returns. In the design of the experiment as well as in the CAPM theory, returns are assumed to be normally distributed. 5 The actual return distributions, however, may not be normal. The non-normality will affect the experimental results because the optimality of the portfolio weights in Eqs. (14) and (15) is based on normality. This issue will be taken up in Section 4.3 together with the discussion of the estimation errors.
An examination of portfolio weights
One possible reason for the difference in expected returns and in the certainty equivalents of the expected utility between the believer and the nonbeliever to be insignificantly different from zero is that the information contained in the firmspecific variables is not material. If that is the case, the optimal portfolio of the believer will not be very different from that of the nonbeliever. To see whether this is the actual reason, we look at the following measures,
where j b 0t and j n 0t are the weights in the riskfree asset at t for the believer and nonbeliever, respectively. D a ,t and D b ,t measure the absolute difference between the two optimal portfolios. D c ,t and D d ,t measure the relative difference between the two using the nonbeliever's portfolio as the base for comparison. D e ,t and D f ,t measure how variable the optimal portfolio weights of the believer are from time to time. D g ,t and D h ,t measure the variability over time of the believer's optimal portfolio weights relative to that of the nonbeliever. The time series averages are calculated and reported in Table 5 . Among the eight measures, D a ,t , D b ,t , D e ,t and D f ,t are proportional to the reciprocal of the risk aversion parameter. The measures reported in Table 5 correspond to A 0/8.
The numbers in Table 5 show that the two optimal portfolios are quite different. As a benchmark, consider a portfolio that is equally allocated in all N'/1 assets. For N 0/20 and N 0/25, the equal weight should be 0.048 and 0.038, respectively. Many numbers of the average D a ,t , which are the differences in the weights between believer and nonbeliever, exceed these two numbers by many times. This can happen because, without the short selling restriction, the absolute value of portfolio weights can be very large. By inspection, this is indeed the case for the portfolio of the believer. The averages of D c ,t and D d ,t reveal that a typical weight in the believer's portfolio is 11 Á/68% different from that of the nonbeliever. The average of D e ,t shows that, for almost all the cases, the month-to-month changes of the believer's portfolio are larger than the weight of the equally weighted portfolio. The averages of D g ,t and D h ,t show that in most cases the believer's portfolio is at least twice as changeable as that of the nonbeliever. Among the three sets of portfolios, the BM20 portfolios tend to have the largest variation between the believer and the nonbeliever. 
, of the following measures of variability of weights of the optimal portfolio of the believer for the three sets of portfolios, The result in Table 5 , therefore, excludes the possibility of too similar portfolio weights between the believer and the nonbeliever as the reason for insignificant economic gains from return predictability. The empirical result here is consistent with the analytical result of Kandel and Stambaugh (1996) who find that small return predictability causes large portfolio reactions.
Parameter uncertainty and non-normality
In this subsection we investigate other two possibilities of the poor performance of the believer. Is the poor performance due to the fact that the believer's model contains more parameters and the estimates of the parameters contain too large errors? Suppose the parameters are estimated accurately, is it possible that actual returns are non-normal, so that the optimal portfolio based on normality is in fact sub-optimal?
The first question cannot be perfectly answered without knowing the true values of the parameters. The second question cannot be answered either without knowing the true distribution that governs actual returns upon which we could construct the optimal portfolios, at least numerically. Given this, we approach the problems slightly differently by asking the following question. Suppose the estimated parameters of models contain no errors and suppose the distribution of returns is normal with means and variances equal to those estimated by the believer. What would be the economic gains from the return predictability in this situation? By design, the expected utility of the believer will be greater than that of the nonbeliever, which can be illustrated using simulation. But the magnitude of the difference can help us gauge the importance of the estimation errors and non-normality in accounting for the believer's failure with actual returns. If the difference in the simulation is negligible, then we can infer that neither estimation errors nor nonnormality is the main cause for the lack of economic gains reported in Table 4 using actual data.
The simulation is explained below for each set of portfolios and each set of firmspecific variables as regressors. For each month t from 1970.12 to 1998.11, we estimate the models for the believer and the nonbeliever using actual data from 1963.07 to t. The estimated parameters of the believer's model are then used to simulate normally distributed returns at t'/1 with 1000 replications. Both the believer and the nonbeliever build their portfolios using their own estimates, which are based on actual data. Simulated returns are used to calculate economic gains only. The simulation generates 1000 pairs of time series of returns (1000 time-series of returns for the believer and 1000 time-series of returns for the nonbeliever). Each pair of time series can be used to calculate a time-series average of the difference in returns, the time-series t -ratio of the difference, a certainty equivalent difference of expected utilities for a given A , and its associated time-series t -ratio, just like those in Table 4 . The distributions of these quantities across 1000 replications are reported in Table 6 using percentiles. The numbers in the table for the difference in returns and difference in certainty equivalents are expressed as dollar returns on a $100 investment over a month. The table reports 5, 25, 50, 75 and 95% percentiles of four quantities, of 1000 replications of simulated, normally distributed returns based on the believer's recursively estimated parameters. The four quantities are time-series averages of the difference in the believer's portfolio return and nonbeliever's portfolio return (column 3), the time series t -ratios of the difference in the two returns (column 4), the estimate of the difference in certainty equivalents for A0/2, 5, 8, 12, 15 (columns 5 Á/9) and their t -ratios (column 10). The numbers for the difference in returns (column 2) and difference in certainty equivalents (columns 5 Á/9) are expressed as dollar returns on a $100 investment over a month. The t -ratios (column 4 and 10) are calculated using the Newey-West adjustment with lag 3. The time period is 1971.01 Á/1998.12.
From the table, we can see that out of the 1000 replications, most of the estimates of the differences in returns and in certainty equivalents are positive. This is anticipated because the returns used for the calculation are drawn from the normal distribution with parameters equal to the believer's estimation. The results are mixed, however, across different portfolio sets and different predictive variables. The gains in terms of mean returns are nontrivial, especially for the portfolio set BM20. Recall that, for BM20 with X t 0/SZ t , the 50% percentile of 0.40 means that the difference between $100 invested in the believer's portfolio and $100 invested in the nonbeliever's portfolio resulted in a time-series average dollar return of $0.40 per month, or almost 5% per year. The t-ratio beside it shows that the gain is significantly different from zero. The gains in the certainty equivalents, though mostly positive, appear to be smaller on average than the mean returns, indicating the effect of larger variation caused by trading more aggressively on return predictability. For the portfolio set SZBM25, both the differences in mean returns and in certainty equivalents are meager.
In sum, the effect of estimation errors and non-normality on the lack of gains from return predictability is mixed. In some cases, they may be part of the reasons that hinder the believer to do better than the nonbeliever, but in other cases, they are not major reasons.
Concluding remarks
In this paper, we address the issue of the return predictability by firm-specific variables documented in Fama and French (1992) . We ask if return predictability has any normative implications. The question is answered by investigating whether an investor who forms mean Á/variance efficient portfolios conditioned on the predictive variables can earn higher expected return and higher expected utility over the investors who do not react to the information in the predictive variables directly. The results show that return predictability does not generate significant economic gains. Even without estimation errors, the predictive power gives very little benefit for those who try to exploit it.
The results of this paper have implications for the debate on if return predictability is consistent with rational asset pricing theories. First, while return predictability from firm-specific variables remains a challenge in the sense that theoretic underpinning of the predictive power of these firm-specific variables is still lacking, it does not provide solid grounds for arguing that the predictive power of the firm-specific variables is indicative of mis-pricing. There are no economic gains to be made from return predictability even within the mean Á/variance framework. Second, the economic significance of the return predictability is more relevant issue than the statistical significance measured by the t -ratios of the slope coefficients and the insample R 2 s of predictive regressions. They can be very different. Without economic gains, results from statistical significance are inconsequential.
